Despite ample evidence of pork quality variability, at present there are few signals that would incentivize growers to produce higher quality pork. Using split-sample, choice experiment data from a nationwide online survey of U.S. pork chop eaters, this research determines changes in pork chop demand in response to a potential change in U.S. government policy that would introduce a new pork quality grading system based on color scores. Our simulations include novel short-run projections in which the conditional and latent class logit models are inverted to yield inverse demand curves. The inverse demand curves are used to calculate equilibrium prices and pork revenue given a fixed supply of different pork qualities. We supplement these calculations with a more traditional "long run" analysis in which prices are fixed and quantities of different qualities adjust. Compared to the status quo (control) of no quality grades, we find that two grading systems based on alternative nomenclatures (Select, Choice, Prime vs. Good, Better, Best) both have the potential to increase pork chop sales and revenue to the pork industry; however, we also find that if only the highest quality is labeled, revenue could fall as the increase in demand for the higher quality is offset by the fall in demand for the lower qualities. Results also highlight important heterogeneity in consumer preferences, and although sensory studies strongly suggest redder pork chops are more highly preferred, there remains a nontrivial share of consumers who prefer whiter pork even after quality grade labeling. Overall, this study offers several insights that can help inform labeling and quality grading policies. Abstract: Despite ample evidence of pork quality variability, at present there are few signals that would incentivize growers to produce higher quality pork. Using split-sample, choice experiment data from a nationwide survey of U.S. pork chop eaters, this research determines changes in pork chop demand in response to a potential change in U.S. government policy that would introduce a new pork quality grading system based on color scores. Our simulations include novel short-run projections in which the conditional and latent class logit models are inverted to yield inverse demand curves. The inverse demand curves are used to calculate equilibrium prices and pork revenue given a fixed supply of different pork qualities. We supplement these calculations with a more traditional "long run" analysis in which prices are fixed and quantities of different qualities adjust. Compared to the status quo (control) of no quality grades, we find that two grading systems based on alternative nomenclatures (Select, Choice, Prime vs. Good, Better, Best) both have the potential to increase pork chop sales and revenue to the pork industry; however, we also find that if only the highest quality is labeled, revenue could fall as the increase in demand for the higher quality is offset by the fall in demand for the lower qualities. Results also highlight important heterogeneity in consumer preferences, and although sensory studies strongly suggest redder pork chops are more highly preferred, there remains a non-trivial share of consumers who prefer whiter pork even after quality grade labeling. Overall, this study offers several insights that can help inform labeling and quality grading policies.
Introduction
United States Department of Agriculture (USDA) quality grades and standards are meant to facilitate market transactions and reduce information asymmetries. Despite the fact that pork quality grades have existed for over 80 years, today they are virtually unused by the industry.
The dramatic increase in vertical integration and concurrent increase in pork product branding might suggest little need for government-defined quality grades. However, there is wide variation in fresh pork quality in the retail grocery environment (Newman, 2015) , and producers currently realize little incentive to grow the kind of pork sensory analysis suggests is most preferable (Tonsor and Schroeder, 2013) . Packers currently meet market demands for varied quality by sorting existing supplies rather than paying premiums/discounts for quality. Despite the prevalence of retail pork branding, government or third-party certifications could boost demand among some consumer segments (Innes and Hobbs, 2011) .
Fresh pork sensory evaluations have been linked with color, tenderness, and pH.
Consumer taste tests have revealed high correlations with these characteristics and overall eating enjoyment (Bidner et al., 2004; Brewer, Zhu, and McKeith, 2001; Brewer and McKeith, 1999) . Improvements in grading technologies make using a color-based grading system technically feasible. Yet, potential economic benefits of such a grading system remain unclear. While there is literature on consumer willingness-to-pay for pork sensory attributes like color, fat content, and marbling (Buhr et al., 1993; Melton et al., 1996a,b) and other pork attributes related to animal welfare, traceability, antibiotic use, safety, etc. (Dickinson and Bailey, 2005; Hayes et al., 1995; Lusk, Nilsson, and Foster, 2007; Lusk, Norwood, and Pruitt, 2006; Norwood and Lusk, 2011; Tonsor, Olynk, and Wolf, 2009) , we are unaware of research determining how alternative pork quality labeling systems would impact consumer willingness-to-pay and demand.
The last revision to U.S. pork quality standards occurred in 1985. The pork industry is considering the adoption of a new USDA quality grading system based on meat color scores (a top Prime grade associated with the reddest pork, a middle Choice grade with pinkish pork, and a low Select grade characterizing white pork). There is a need for research on the impacts of such a grading system. In fact, the USDA recently invited public comments on corresponding grading changes (Federal Register, 2017) . In theory, such a grading system could identify products known to be associated with eating experiences and would provide consumers information about expected eating quality of pork chops. Furnished with such information, consumers could make more informed purchasing decisions, better tailor product use and preparation, and enjoy more desirable pork eating experiences. Conceptually, the value of such label information to consumers arises from the enhanced ability of consumers of experienced goods to adjust their consumption choices with true quality (Foster and Just, 1989; Lusk, forthcoming) . Other conceptual motivations for quality labels, related to better coordinating consumer expectations and quality production are provided by Parcell and Tonsor (2013) and Lusk (2013) . From the industry side, interest in a new labeling system is motivated by the potential of increased overall pork demand and industry revenue.
However, it is unclear that such a grading system will perform as advertised. Rising concerns about cholesterol and fat negatively impacted pork demand in the 1980s and 1990s (e.g., Capps and Schmitz, 1991; Chern, Loehman, and Yen, 1995; Kinnucan et al., 1997) leading the pork industry to initiate the "Other White Meat" campaign in an effort to address changing consumer demands and rising competition from poultry. Despite the fact that concerns about dietary fat and cholesterol are waning and sensory research linking whiter pork with poorer eating quality, decades-long promotion of white pork may be difficult to "undo".
A further complicating factor, which represents a core methodological contribution of this study, is that less than 10% of current pork supplies are projected to be eligible for the highest proposed grade. Simply calculating projected market shares for different qualities based on assumed quality-differentiated prices, as is typically done in such studies, will produce inaccurate estimates of the short run revenue benefits of a quality grading system. At constant prices, a plurality of consumers is likely to prefer the highest quality, and yet this volume of high quality pork does not exist. We show how to use estimates from a choice experiment to construct inverse demand curves, which yield projected prices in the short run when quantities are fixed. In the case of the conditional logit model, the inverse demands are uniquely identified in the presence of a "none" option. For the latent class model, there is no closed form solution for the inverse demand curves, but they can be solved numerically. This inverse demand analysis is likely to be applicable in a wide variety of food and agricultural applications where supply is fixed in the short run and highly inelastic even in the long run.
The overriding purpose of this article is to determine the impacts of alternative quality grading systems on pork demand. The main hypothesis that the addition of pork quality labels will increase overall pork demand and pork industry revenue. In addressing the study objectives, we demonstrate new methods of projecting short-and long-run economic impacts of broader value in many food policy assessments. The next section describes the sample, survey, and statistical methods. The following section discusses results, and the last section concludes.
Methods

Sample
To address the primary objectives of this study, a national survey of pork consumers was conducted. The survey was programed by the authors and delivered to an online panel of respondents maintained by Survey Sampling International (SSI) in the summer of 2016. SSI utilizes individuals who "opt-in" to participate in online surveys.
An initial screener question asked "Do you eat pork?" Individuals responding "no" were directed to the end of survey and were discarded from the sample. In total, 1,876 completed responses were obtained in the treatments that were analyzed here. The appendix reports summary statistics associated with the demographic characteristics of the sample.
Data Quality Checks
Given the project's focus on pork chop color and given differences in computer monitors, mobile device screens, etc., three initial screener questions asked individuals to identify the color of three circles (circles were actually purple, red, and pink; multiple choice options included pink, red, purple, orange, and blue). About 88% of the final sample correctly identified the colors of all three circles. Subsequent analysis revealed little difference in preferences for pork chop color by those who could and could not correctly identify all three colors, and as such, individuals who incorrectly answered these questions were retained in the sample.
Even though we limited our sample to pork eaters, there remained several participants who indicated that they never ate pork chops (as ascertained by a subsequent survey question), which are the focus of this analysis. Moreover, a "trap" question was included midway through the survey to check whether respondents were paying attention. The question simply asked respondents to "click strongly disagree" on a 5-point agree/disagree scale. About a quarter of respondents incorrectly answered the trap question, and research suggests such individuals pose a threat to the quality of choice data (Jones, House, and Gao, 2015) . Removing individuals from the sample who never ate pork chops and who missed the trap question resulted in an effective sample size of 1,360.
To ensure the estimates reflect market demand, responses were weighted by the frequency of pork chop consumption reported by the respondent. Thus, in the analysis that follows, a respondent indicating that they ate pork chops every day "counts" seven times more than a respondent who indicates they only eat pork chops once a week. The appendix provides information on the demographic characteristics of the effective sample and shows the sensitivity of the results to the weighting employed.
Choice Experiment
To estimate demand for pork chops under different labeling conditions, a choice experiment (CE) was created where participants made repeated choices between three pork chop colors/qualities, a beef steak, a chicken breast, and a "none of these" option. The beef, chicken, and non-meat (opt out) options were added to determine whether pork quality labels would change the share of respondents who choose pork vs. non-pork substitutes.
1
The only difference across choices presented to respondents, within a given labeling treatment, was the price of each meat option. Base prices were established using retail meat prices reported by the Bureau of Labor Statistics. In the year prior to the survey (from June 2015 to May 2016), monthly pork chop, beef steak, and chicken breast prices averaged $3.78/lb, 1 We included other treatments (not reported in the paper), where we asked people not just which meat option they'd choose but how many lbs of each they would choose in different label conditions. These additional data are not analyzed here comparison with the discrete choice data is not straightforward. Nonetheless, the results and conclusions stemming from the "choose how many lbs" question approach are similar what is reported in this paper. In particular, when asked "how many lbs" we continue to find that moving from the control of no labels to three USDA labels significantly increases the probability pork is purchased and increases the expected revenue from the pork sector. $7.75/lb, and $3.32/lb, respectively. Using these as a guide, the mid-points of the prices used in the choice experiment were $3.75/lb, $7.75/lb, and $3.35/lb for pork chops, steak, and chicken breast, respectively. To these mid-points, $0.50 was added and subtracted to make higher and lower levels. This implies that the range of prices for each meat product spanned $1.00/lb, which is much wider than the expected costs of the labeling program and is much wider than the range of BLS prices observed in the year prior to the study (the difference in the maximum and minimum prices in the 12 months prior to the survey for pork, steak, and chicken breast were $0.26/lb, $0.49/lb, and $0.16/lb, respectively). Given five meat cuts and three price levels, there are 3 5 =243 possible choices that could be constructed. From this full factorial consisting of all price combinations, 12 were selected so that the standard errors of a multinomial logit model were minimized. 2 Thus, each person answered 12 discrete choice questions regarding which meat product they would buy (or none). The order of questions was randomized across respondents. The appendix lists the prices assigned to the meat products in the 12 choice questions.
Labeling Treatments
In the CE, participants were presented with pictures of the meat products as choice options. The images of the three pork qualities were identical across all surveys and treatments, in accordance with chops that fit the currently proposed three-level labeling criteria. The pork images were 2 In particular, a design was created that minimized the D-error, which is based on the determinant of the variancecovariance matrix of the multinomial logit (Rose and Bliember 2014) . Optimizing the standard errors of a multinomial logit requires knowledge of the true parameter values. The assumed "true" parameter values for steak, chicken breast, and the middle pork quality used in creation of the experiment design were set equal to the parameters for the pork chop resulting from analysis of data from a similar choice experiment conducted as a part of the Food Demand Survey (FooDS) (see Lusk, 2017; Lusk and Tonsor, 2016) . Roughly 10% was added and subtracted from this middle value to create the assumed true values for the higher and lower quality chops in the creation of the experiment design. The experiment was designed with the software Ngene.
consistent with what would be graded as high, medium, and low quality under a color-based grading system where the highest quality is reddest and the lowest quality is whitest.
A split sample design was used to facilitate comparisons of consumer valuations of pork under alternative labeling approaches (Pozo, Tonsor, and Schroeder, 2012; Tonsor, 2011) . Each respondent was randomly assigned to one treatment, where treatments differed according to the labeling scheme in place. This randomization process isolates effects of labeling approaches for cleaner comparisons of economic impacts of introducing different quality grading systems. The pork labels used in the CE were assigned the respective images to which they actually belonged.
As such, all labeling was "truthful" insofar as being assigned to the images of chops that would actually qualify for such labels. For example, in no case was a "Prime" label affixed to a chop that would qualify as a lower quality grade. By comparing the treatments to the control, nolabels condition, changes in potential demand as a result of a labeling scheme can be determined.
Participants were randomly assigned to one of four treatments that varied according to which labels were applied to pork products. Figure 1 shows an example of questions presented in each of the treatments. In the "No Labels" control condition, none of the meat products presented to the participant contained any labels. This treatment reflects the current, status quo situation of no regular labeling of pork quality grades and serves as the control treatment in our study. The choice questions in the first "USDA Prime only" treatment were the same as the control except a USDA Prime logo was affixed to the photo of the Prime pork chop; no other meat products contained labels. We considered this "Prime only" treatment because the USDA grading systems are voluntary, and it is possible to imagine packers only choosing to grade those carcasses that achieved the highest quality. Choices in treatment 2, USDA "Select," "Choice,"
and "Prime" were the same as treatment 1 except labels were also added for Choice and Select chops. Prior research in the beef sector has shown that the Prime, Choice, Select nomenclature may be confusing for consumers (Devuyst, Lusk, and Devuyst, 2014) , and as such we considered a treatment with a more transparent naming system. The last treatment tested an alternative grading nomenclature, and chops were labeled as USDA "Good," "Better," or "Best" as shown in figure 1.
Choice Data Analysis
Data from each treatment were initially analyzed using a multinomial logit (MNL) model fit separately to data in each treatment, which is based on random utility theory (McFadden, 1973 ).
In particular, consumer i in treatment t is assumed to derive the following utility from choice
The consumer is assumed to choose the option providing the highest utility. If the follow a Type I extreme value distribution and are independently and identically distributed across i, t, and j, then the choice data can be used to estimate the conventional multinomial logit model (MNL):
The systematic portion of the utility function is:
where is the price of alternative j, is the marginal utility of a price change in treatment t, and is an alternative specific constant indicating the utility of option j in treatment t relative to the utility of the "no purchase" option, which was normalized to zero for identification purposes.
The analysis focuses on several metrics of interest. First is willingness-to-pay (WTP) for the three quality pork chops in different treatments. Maximum willingness-to-pay (WTP) for pork chop k in treatment t compared to "none" is calculated as = − / . This is the price that would make the average or representative consumer indifferent to buying chop quality k in treatment t and choosing "none." Also of interest is how different labeling schemes change the "spread" in value for different pork qualities. Thus, for each treatment, the difference in WTP
for the highest quality red chop the lowest quality chop white is calculated as:
Because labeling may reduce WTP for the lowest quality more than it increases WTP for the highest quality, it is important to analyze how a labeling scheme affects overall demand for pork. To investigate this issue, we also consider the probability of buying pork regardless of quality and the expected revenue from all pork sales. Standard errors and 95% confidence intervals for WTP, market share, and revenue values are determined via the method described in Krinsky and Robb (1986) with 1,000 draws.
Long run analysis
In CE studies, it is common to calculate market shares at an assumed set of prices. We utilize this approach as a first step in our analysis. Prices have to be assigned to competing choice options to construct a hypothetical market environment. For medium-quality pork, beef steak, and chicken breast, the median prices employed in the experimental design were used ($3.75/lb, $7.75/lb, and $3.35/lb); prices for the higher quality and lower quality were determined by assigning a 10% premium and discount resulting in a price of $4.125/lb for the high quality and $3.375/lb for low quality chops. Let qtRed, qtPink, and qtWhite be the probabilities of buying high, medium, and low quality pork in treatment t. The probabilities of purchase are defined as:
, and
Thus, the probability of buying pork (of any quality) at the given prices is: + + ℎ . At fixed prices, the expected revenue ($ per shopper per choice occasion) accruing to pork is 4.125 + 3.75 + 3.375 ℎ .
Short run analysis
The preceding "long run" approach discussed above plugs in a set of prices and then solves for the resulting shares (or quantities). However, producers cannot supply the quantities of each quality given in this simulation in the short run. A more realistic metric in the short run is to fix the quantities (or shares) of different qualities and let market prices adjust to equate supply with demand.
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To make this calculation, equation (1) needs to be inverted to create an inverse demand curve. Write equation (1) as:
, where is the market share (or quantity) of alternative j in treatment t. Now, substitute equation (1) into (2) and take the natural log:
). Solving partially for price, we have:
contains prices for all the alternatives, so the price of alternative j is not uniquely identified by this equation. However, the log-sum term can be eliminated from the equation by calculating price differences. In particular, we can identify the price of alternative j relative to the price of the sixth "none" option by taking the following difference: − 6 = � �− +ln�∑ e V tk 6 k=1 � − ( 6 )− 6 +ln�∑ e V tk 6 k=1 � . Note that the price of the "none" alternative is zero (i.e., 6 = 0), as is the alternative specific constant for this alternative (i.e., 6 = 0). Plugging these values in and simplifying uniquely identifies the price.
Thus, given market shares (or quantities) for alternative j and the share of none, the resulting equilibrium price of j is:
To create a baseline scenario, we utilize data from the baseline (no label) control, which
shows at mid-level prices, the shares for pork, steak, chicken, and none are 0.65, 0.11, 0.20, and 0.05, respectively. Based on data provided by the National Pork Board, 10% of the pork is the highest grade, 40% is the middle grade, and 50% is the lowest grade, implying the overall probabilities of high, mid, and low quality pork are 0.065, 0.26, and 0.325, respectively.
Plugging these shares into equation (3) generates prices, which can then be used to calculate expected revenue accruing to pork, which is: 0.065̂+ 0.26̂+ 0.325̂ℎ , where
the ̂ values are the prices for the high, medium, and low quality chop resulting from equation (3).
Preference Heterogeneity
Given past efforts by the pork industry promoting their product as the "other white meat," many potential consumers may prefer a whiter colored chop even after the application of quality grade labels. Prior research reveals some consumers prefer paler, less marbled pork chops (Tonsor and Schroeder, 2013) . As such, it is important to consider preference heterogeneity. While many investigations of preference heterogeneity rely on the so-called random parameter logit model, such an approach is less useful here as the heterogeneity is likely to be quite distinct (i.e., white or red preferring) in a way not easily captured assuming that preferences are normally distributed. As such, this paper utilizes the latent class logit model (LCM), sometimes referred to as a finite mixture model (Boxall and Adamowicz, 2002; Greene and Hensher, 2003) .
Moreover, recent advances in LCM have introduced a convenient and straightforward way to identify and remove the effect of completely inattentive respondents (Malone and Lusk, 2018) .
The LCM is given by:
.
where is the estimated probability of individual i being in latent class c, and is the same as defined in equation (2) except now parameters are class-specific as indicated by the c suffix.
Because we expected a class of "white preferring" and a class of "red preferring" consumers, we estimated a confirmatory with these two distinct classes. To this model, we added one additional third class where all the parameters are constrained to equal zero. A class with null parameter values implies responses that are completely random. Malone and Lusk (2018) denote the estimated probability of falling into this null class the "random response share" and suggest this approach as a means of removing the effect of inattentive, confused, or careless participants.
The 3 class LCM can be used to calculate class-specific WTP values and "long run"
revenue and market shares in the same manner discussed above. To calculate overall revenues and shares, the class-specific values are simply weighted by the probability of being in each class as shown in equation (4). When calculating these values, we remove the random responding third class and utilize class probabilities conditional on being in one of the first two attentive classes. When implementing the "short run" simulations with the LCM however, complications arise. Simply applying equation (3) to each class would yield class-specific prices. However, arbitrage possibilities suggest this is an unrealistic assumption. If prices are assumed equal across classes, then there is no closed form solution to the overall inverse demand curve based on (4). Nonetheless, we can numerically solve for the prices that would equate predicted shares with assumed fixed shares. 4 As in the MNL case, we do this by determining the overall pork share in the baseline no-label condition and then allocating this pork share to the high-mid-and low-quality grades according to the aforementioned allocations, which results in fixed shares of overall market shares of 0.076, 0.30, and 0.378 of red, pink, and white pork in the LCM case. Table 1 reports the WTP and projected revenue results of the MNL model estimation where preference homogeneity is assumed (underlying preference parameter estimates are in the appendix as are choice summary statistics for selected choice scenarios). The first three columns show estimated WTP for the red, pink, and white chops (i.e., the higher, medium, and lower quality chops). The table also reports the difference between the WTP for the highest and lowest quality chops, the probability of choosing any one of the three pork chops, and the expected revenue from these chops. 5 In these latter two calculations the highest quality chop is assumed to be sold at a 10% premium and the lowest quality chop is presumed to be sold at a 10% discount.
Results
In the absence of a cue in the "no labels" control, on average, participants do not differentiate among the three quality levels. There is no significant difference in average WTP for the three different colored chops. This is consistent with industry interest in adding quality labels to facilitate further separation of pork quality by consumers. The introduction of a single
Prime label for the highest quality chop in Treatment 1 results in a significant increase in the WTP for the chop that would carry the highest quality grade; however, there is a significant reduction in WTP for the lower quality chops that did not carry labels in this treatment (see also 4 Determining the 95% confidence intervals for the predicted equilibrium prices requires numerically solving the inverse demand curves from the LCM at each and every one of the 1,000 draws in the Krinsky-Robb (1986) method. 5 Given interest in marginal WTP differences we are less concerned with possible hypothetical bias impacts (Lusk and Schroeder, 2004) . figure 3 ). As the latter two columns show, the reduction in WTP for the medium and lower quality chops more than offsets the increase in WTP for the highest quality chop and as a result total probability of buying pork falls from 0.66 to 0.62 and expected revenue slightly (but not significantly) falls from $2.41/shopper to $2.37/shopper.
When all pork products have grade labels, there is a significant premium for higher vs.
lower quality pork and total pork sales rise, as do expected revenues. This can be seen in figure   1 as the mean WTP estimates for all pork qualities lie above those in the control condition with no labels. When the Prime, Choice, and Select labels are applied, Prime is valued at $0.23/lb more than Select. However, overall participants either appear to be confused or they have mixed opinions about the terms "Choice" and "Select" as the mean WTP estimate for Select exceeds that for Choice. This could also be a result of some participants relying on visual preference cues that prefer the lighter less marbled product and thus not responding to the quality grade labels.
The USDA Good, Better, Best grading system results in the largest WTP premium for red over white pork, but compared to the Select, Choice, Prime grading system, overall probability of buying pork and expected revenue is lower according to the MNL. The results suggest consumers do not understand how to use pork color to identify quality. Once a label is introduced, consumers react strongly and are willing to pay an economically important premium for a chop where the label suggests better quality. Table 2 reports the "short-run" situation where quantities of pork in each quality grade category are fixed presuming 10%, 40%, and 50% of graded pork is initially in the highest, middle, and lowest quality grades. Given these fixed quantities, the prices of each quality can be estimated per equation (3). Furthermore, the expected revenue can be estimated for comparison with earlier calculations presuming quality-specific supplies are less constrained. Table 2 presents these inverse demand estimates assuming fixed quantities.
A key point highlighted by this analysis is the length of run, which determines the relative availability of pork eligible for specific quality, is necessary to estimate economic impacts. In these scenarios, the equilibrium price of the highest quality pork exceeds that for lower quality pork irrespective of treatment. This arises because these scenarios assume a small fixed share of high quality pork is available. Given this small fixed quantity, consumers bid up the price. As was the case in the long-run simulations, the "Prime only" treatment results in lower expected revenue than the "No labels" control. However, the USDA Select, Choice, Prime labeling scheme results in significantly higher expected revenue than the control. While the USDA Good, Better, Best system suggests higher revenues than the control, the 95% confidence intervals overlap. Note that table 2 does not report the predicted probability of buying pork in the different treatments because, by definition, this simulation assumes the overall share of pork sales is fixed at a constant value for all treatments.
Comparison of AIC and BIC values suggest the assumption of preference homogeneity inherent in the MNL models is likely misplaced. As a result, table 3 reports results from threeclass LCMs fit to each treatment. In each case, three class models are used to reflect the situation of one class "correctly" preferring chops that would carry the higher quality grade, a second class with reversed pork preferences, and a third class where all preference parameters are set at zero (to identify random responders). The share of class-three random responses is non-trivial, ranging from 0.20 to 0.32, highlighting the importance of controlling for such responses.
Across treatments except the "Prime only" treatment, a clear and key finding is that a sizeable (at least 38% conditional on having a preference) segment of consumers reveal a preference for the lower quality white pork chops. Table 4 converts the estimates into WTP and revenue values. Comparing preferences of class 1 (preferring chops that would carry the lower quality labels) with class 2 (preferring chops that would possess higher quality labels), we observe expected revenue to be larger for class 2. This assessment of preference heterogeneity highlights the importance of better understanding of which consumers are most likely to be in class 2 as target markets for any implemented pork quality grade labeling system. Equally important is better understanding the underlying knowledge and preference set of class 1 consumers to mitigate any adverse impacts that may be involved in rolling out a labeling system that conveys information that clashes with their current preferences.
Regardless of class, the WTP values in table 4 are higher than that from the MNL in table
1. This arises in part because, via the third class, we have removed the effect of individuals who have null preferences. Moreover, consumers are "sorted" into classes that better fit their own tastes. In the control condition with no labels, 39% of attentive consumers prefer white to red chops, and are WTP $1.32/lb for white over red; by contrast 61% of attentive consumers prefer red to white and are WTP $1.32/lb for red over white. Average aggregate WTP, representing a class-share weighted average of these two groups, for each quality is plotted in figure 3 .
When only the USDA Prime label is affixed to the red chop, both classes of consumers prefer red to white, although WTP premium for red over white is much higher in the second class ($3.66/lb) than the first ($0.46/lb). As was the case with the MNL, the expected pork sales and revenue is lower with the Prime only label as compared to the no label control. In part, this arises from class-one consumers who have a low probability of buying pork, resulting in part (as revealed in the estimates in table 3) from a strong preference for beef steak.
Addition of USDA Prime, Choice, and Select labels only has a small effect on the share of attentive respondents in the white-and red-preferring classes as compared to the control.
Nonetheless, this labeling scheme increases overall probability of buying pork from 0.76 to 0.79 and expected revenue from $2.78/shopper to $2.90/shopper. Despite the apparent overlapping confidence intervals, the test proposed by Poe et al. (2005) suggests the expected revenue from the USDA Select, Choice, Prime is significantly higher than the no label control (p-value = 0.03) as is the case for expected probability of buying pork (0.79 vs 0.76; p-value = 0.046). The addition of Good, Better, and Best labels also leads to higher pork revenue and market share than the control ($3.08/shopper vs $2.78/shopper); however, this particular grading system seems to "indulge" white-preferring consumers as 58% of attentive respondents prefer Good-white to Best-red, and only 42% have the opposite preference. Nonetheless, as table 4 shows, among the "red-preferring" class, the WTP premium for red-Best over white-Good is a substantial $5.43/lb. Table 5 reports the "short run" equilibrium prices and revenue associated with a fixed share of pork qualities available for sale. The revenue results are broadly consistent with the "long run" estimates presented in table 4; however, the revenue values are lower as might be expected. Compared to the no-label control, the USDA Prime only label reduces revenue, whereas the USDA Prime, Choice, and Select and the USDA Good, Better, and Best systems increase revenues compared to the control. The revenue increases, however, are less pronounced than in the long run scenario. The test proposed by Poe et al. (2005) suggests the expected revenue from the USDA Select, Choice, Prime is not significantly higher than the no label control (p-value = 0.27); however, the expected revenue from the USDA Good, Better, Best is significantly higher than the no label control (p-value = 0.03), though the difference is less pronounced than in the "long run" scenario. These findings suggest that the benefits from a quality grading system are likely to be longer-run in nature.
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Discussion and Conclusions
Pork color is an important factor consumers use to gauge fresh pork chop quality. About 60% of respondents to this survey indicated pork chop color and the store where they purchase from were used to assess likelihood the product would be flavorful, juicy, and tender. However, a notable percentage of consumers (we estimate around 38% when no labels are added) perceive whiter, lower quality pork chops to preferable. This suggests potential value in pork-color quality information to better align consumer perceptions with product quality. Quality labeling is one possible strategy being considered as part of possible USDA grading system changes.
The choice experiment data analysis suggests that a USDA grade using Prime, Choice, and Select or Good, Better, Best labels would be most likely to increase expected pork revenue and the probability of purchasing pork. Additional important opportunities are present within this strategy. Foremost is that even with quality labels on the pork chops, a significant fraction of consumers preferred lower quality than Prime even when the three quality products were priced the same. Such consumers either do not understand the quality grade rankings of Prime, Choice, and Select (though results were similar for Best, Better, Good, which should be less prone to confusion), or this group of consumers were ignoring the quality grade labels and relying on product color to influence their choices. A possible response would be to segment consumers and to use the grading system only on those consumers who prefer red chops. Segmentation could be done by exploring preferences across states, institutions, income categories, ethnicity, and by export market.
Despite the possibility for segmentation, however, we show, that if all qualities are present, only labeling the highest quality is likely to reduce total pork sales and revenue. This is likely to keep large packers and retailers who sell all qualities from only using a single highquality grade. Nonetheless, it is possible to imagine smaller producers or retailers focusing on selling and labeling only Prime products. While USDA quality grading has historically been a voluntary program, if a handful of small firms choose to only label Prime, the industry might perceive mandatory labeling or no labeling to be a preferable alternative.
Any consideration of the merits of a grading system must consider implementation costs and other adjustments made by producers. One of the key constraints of any industry is the time it takes producers to respond to changing market conditions. This is particularly true of animal agriculture where there are long production lags and complicating genetic and environment interactions in the production process (Hennessy, Zhang, and Bai, 2017). As such, it is useful to construct market simulations assuming fixed qualities in the short run. We showed how to invert the conditional logit function to arrive at inverse demand curves, which are uniquely identified in the presence of a "none" option. For more complicated models, such as the random parameter or latent class models, there is no closed form solution to the inverse demand curve, but the equations can be solved numerically. This inverse-demand approach is likely to be applicable in a wide variety of situations to which consumer choice models are applied.
The inverse-demand approach shows that the price of higher quality pork is likely to rise in the short-run. Might consumer welfare fall as a result of such price changes? It is possible, but such effects must be weighed against the value of information. Consumers sometimes choose and buy a product expecting one quality and then, after consumption, realize they made a mistake (i.e., expected quality did not align with true quality). Conceptually, the value of information from labels arises from allowing consumers to prevent these mistakes by better aligning ex ante beliefs about quality with the ex post "truth" (Foster and Just, 1989) . In frameworks like Foster and Just (1989) , consumers cannot be made worse off with additional information (assuming the additional information is costlessly provided), and this is true regardless of one's preferences for pork color. If prices increase when information is provided, the net effect on consumer welfare in the short run is ambiguous. Nonetheless, in the short run prices of lower quality pork may fall such that some people are better off and some are worse off, but this would be due to a price effect not due to the effect of information provision per se, which is unambiguously positive.
While we considered short-and long-run impacts that varied the ability of producers to respond to a fixed set of consumer preferences, it may be that consumer preferences would also evolve over time in response to the labels or in response to education about the labeling systemissues that can only be addressed with future research. As an example, introduction of quality labels on pork chops may lead to consumer calls for parallel information on other products (Saitone, Sexton, and Sumner, 2015) following any changes in quality of the broader suite of pork products as producers make genetic, feeding, or other managerial adjustments based upon a pork chop labeling system. In addition this study only considered retail consumer preferences for pork chop quality labeling systems. However, it is likely that a pork quality grading system would be also used by food service and branded products to source desired pork quality. Such use could drive larger premiums for high quality product and larger discounts for lower quality product than what is revealed in consumer WTP studies. 
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